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Abstract The Weather Research and Forecasting (WRF) model is used for dynamic downscaling of
2.5-degree National Centers for Environmental Prediction-U.S. Department of Energy Reanalysis II (NCEP-R2)
data for 1980–2010 at 12 km resolution over most of North America. The model’s performance for surface air
temperature and precipitation is evaluated by comparison with high-resolution observational data sets.
The model’s ability to add value is investigated by comparison with NCEP-R2 data and a 50 km regional
climate simulation. The causes for major model bias are studied through additional sensitivity experiments
with various model setup/integration approaches and physics representations. The WRF captures the main
features of the spatial patterns and annual cycles of air temperature and precipitation over most of the
contiguous United States. However, simulated air temperatures over the south central region and precipitation
over the Great Plains and the Southwest have signiﬁcant biases. Allowing longer spin-up time, reducing
the nudging strength, or replacing the WRF Single-Moment six-class microphysics with Morrison microphysics
reduces the bias over some subregions. However, replacing the Grell-Devenyi cumulus parameterization
with Kain-Fritsch shows no improvement. The 12 km simulation does add value above the NCEP-R2 data and
the 50 km simulation over mountainous and coastal zones.

1. Introduction
As interest in and concern about regional climate change increase, the desire for greater regional detail in
climate model projections is expected to grow. Assessment of climate impacts and development of adequate
adaptation measures are among the greatest and most important challenges facing mankind in the coming
decades [Mearns et al., 2012; Salzmann and Mearns, 2012]. However, climate simulations by conventional
general circulation models (GCMs) with relatively coarse spatial resolution are not necessarily capable of
capturing the details associated with regional-local climate variability and the changes required for regional
and national climate change assessments [Giorgi and Mearns, 1999; Denis et al., 2002; Giorgi et al., 2009;
Rummukainen, 2010]. In addition, at coarse grid resolutions, the magnitude and intensity of subgrid-scale
extreme events such as heavy rainfall (leading to ﬂoods) are often not captured nor realistically reproduced
[Tripathi and Dominguez, 2013].
Regional climate models (RCMs) with considerably higher resolution are therefore constructed for limited
areas to describe regional-scale climate variability and change. The RCMs are constrained at the boundaries
and partially over the inner domain by global- or relatively large-scale driving data. This technique, called
dynamical downscaling, has proven to be a useful tool for generating climate projections at higher spatial
resolution by downscaling reanalysis data sets [e.g., Castro et al., 2005; Martynov et al., 2013]. Several
dynamical downscaling studies have been conducted over the North American domain for historical and/or
future climate [e.g., Mearns et al., 2007, 2009; Wi et al., 2012; Martynov et al., 2013]. Among these, the North
American Regional Climate Change Program (NARCCAP) (www.narccap.ucar.edu) is the most widely available
dynamical downscaling product. The NARCCAP has employed six RCMs driven by National Centers for
Environmental Prediction-U.S. Department of Energy Reanalysis II (NCEP-R2) data for a 25 year historical
period (1980–2004) and for selected future climate scenarios with the Intergovernmental Panel on Climate
Change A2 emission scenarios. Mearns et al. [2012] evaluated the performance of these RCMs for annual
temperature and precipitation cycles over the entire domain and four subdomains—southern California,
Great Plains, south central, and Atlantic coast—and found that the seasonal temperature was relatively well
reproduced by most models, but seasonal precipitation was less successfully captured. For example, the
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Figure 1. The WRF model domain with terrain height elevations (m) indicated by shading, for four subregions: 1, North Rockies
(NR); 2, Southwest (SW); 3, Great Plains (GP); and 4, South Central (SC).

Weather Research and Forecasting (WRF) model’s result had ~40% dry bias over the eastern contiguous
United States (CONUS) in the summer [Mearns et al., 2012, Figure 10f], as well as 20–40% dry bias over the
south central region and >60% wet bias over western CONUS in the winter [Mearns et al., 2012, Figure 9f].
Martynov et al. [2013] generated and evaluated a 50 year simulation (1959–2008) over the Coordinated
Regional Climate Downscaling Experiment North American domain by using the Canadian Regional Climate
Model (version 5) and found that the model had a cold bias (2–6°C) over the Rocky Mountains in the summer
and year-round over Mexico, plus a wet bias (50–75%) over the Great Plains and mountainous and coastal
regions in the winter. In addition to the bias due to physics parameterizations applied in these RCMs, the
biases over mountainous regions could be due to the coarse grid spacing. In these regions the model cannot
resolve subgrid scale topographic features and hence model the additional surface drag, introducing errors
into the atmospheric circulations. On the other hand, the biases over the south central region could result
from drifts in atmospheric variables (e.g., wind, temperature, and pressure) caused by errors accumulated
during the continuous integration.
This study uses the WRF model for simulating the regional climate over most of North America. The model
domain (Figure 1) is described in section 2. Our work differs from prior studies in several key aspects. First, the
model grid spacing is signiﬁcantly ﬁner over such a large domain, at a spatial resolution of 12 km, versus 50 km
used for the NARCCAP, 35 km used by Wi et al. [2012], and ~48.4 km used by Martynov et al. [2013]. Second,
application of the spectral nudging technique results in signiﬁcant improvements in model performance for
near-surface precipitation, air temperature, and wind [Wang and Kotamarthi, 2013]. In contrast, some NARCCAP
RCMs and the simulation of Martynov et al. [2013] did not apply spectral nudging, which could cause model drift
due to accumulated errors during long integration times. Third, we present an in-depth analysis of the
dominant reasons for the biases in our calculations, conducted by setting up additional sensitivity experiments
and investigating the related physical processes. This is important for allowing the dynamical downscaling
community to understand model performance and to set up an optimal model simulation.
We wish to accomplish three goals: (1) demonstrate that the 12 km WRF simulation captures the essential
features of spatial patterns and annual cycles in air temperature and precipitation, on the basis of
quantitative statistical approaches; (2) demonstrate that the 12 km WRF simulation adds value above the
driving data and coarse-resolution simulation by comparison with NCEP-R2 data and the NARCCAP-WRFG
(WRF Grell [Grell and Devenyi, 2002]) RCM (www.narccap.ucar.edu) in historical periods; and (3) explore the
dominant reasons for the model biases by designing additional sensitivity experiments and then suggest
an approach for constructing the WRF model to achieve optimal performance in near-surface ﬁelds.
Section 2 describes the model setup, experimental designs, and evaluation data sets. Sections 3 and 4 evaluate
the model performance quantitatively for temperature and precipitation, respectively. The potential reasons
for the model biases and related physical processes are explored and discussed in section 5. A summary and
further discussions about possible reasons for the WRF improvements over the NARCCAP-WRFG are in section 6.
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2. Model Description, Experimental Design, and Evaluation Data Sets
2.1. Model Description
In this work, we use the WRF with the Advanced Research WRF dynamic core, version 3.3.1. The simulation
domain is centered at 52.24°N and 105.5°W and has dimensions of 600 × 516 horizontal grid points in the
west-east and south-north directions with grid spacing of 12 km, covering most of North America (Figure 1).
The calculations and results from this model are referred to as “the WRF model” in the rest of the paper. The
initial and boundary conditions are constructed from NCEP-R2 data [Kanamitsu et al., 2002]. The model is
reinitialized (for both atmospheric and surface forcing) every year during 1980–2010. Such a sequence of
relatively short runs with numerous reinitializations was shown by Pan et al. [1999], Qian et al. [2003], and Lo
et al. [2008] to outperform the traditional long-term continuous simulations for not only the forcing variables
(e.g., pressure, temperature, wind, and moisture) but also the model diagnostic variables (e.g., precipitation).
The approach is becoming increasingly accepted and adopted [e.g., Conil and Hall, 2006; Zagar et al.,
2006; Jiménez et al., 2010; Lucas-Picher et al., 2013]. However, the model needs to adjust (spin-up) for each
reinitialization. To minimize the adjustment problems, Pan et al. [1999] allowed a 3 day spin-up time for
each 13 day reinitialization in one of their experiments. They found that this simulation performed similarly to
a 30 day continuous run, which was less successful than the 10 day reinitialization without spin-up time.
Qian et al. [2003] detected two stages of temporal adjustment in the model spin-up process. Rapid adjustment
in the ﬁrst day or two to a state intrinsic to the model dynamics resulted from removal of small-scale imbalances
through geostrophic adjustments from mass to wind ﬁeld. In the subsequent 15–20 days, the model variables
adjusted gradually to a state close to that of the long-term continuous run. After this, the simulation results
were almost identical to those for the continuous run, which showed larger bias than the reinitialization.
Therefore, in this study, to reduce the adjustment problems introduced by each reinitialization and to maximize
the strengths of reinitialization, we allow 24 h for each reinitialization, in agreement with the spin-up time
used by Lo et al. [2008] in their reinitializations. Moreover, de Ela et al. [2002] and Lucas-Picher et al. [2013] showed
that most of the small-scale variabilities and vorticities were fully generated in this time. Another advantage of
reinitialization is the ability to run the model in parallel over different periods. On the other hand, reinitialization
of the surface forcing is reasonable, because Pan et al. [1999] found that soil moisture was less important
than atmospheric forcing by comparing two experiments—one reinitializing all the forcing ﬁelds and the other
only reinitializing the atmospheric variables and keeping the soil moisture uninterrupted.
For each year during 1980–2010, the model runs are continuous, with spectral nudging but without
reinitialization, because Lo et al. [2008] found that it was not necessary to subdivide integrations into relatively
short runs when interior nudging was applied. The variables spectrally nudged in this study are horizontal
winds, temperature, and geopotential height. Spectral nudging is applied above 850 hPa to wavelengths
around 1200 km with a nudging coefﬁcient of 3 × 10 4 s 1. The minimum wavelength for spectral nudging
corresponds to the minimum wavelength resolved in the input ﬁelds, and the minimum wavelength resolved
should be at least 4Δx [Pielke, 2002; Castro et al., 2005; Rockel et al., 2008], which is ~1100 km for NCEP-R2 in
midlatitudes. The selection of nudging wavelength and the nudging height for generating the most realistic
surface temperature, winds, and precipitation was described by Wang and Kotamarthi [2013].
The physical options incorporated into this study are the WRF Single-Moment six-class graupel scheme (WSM6)
[Hong and Lim, 2006], the Grell-Devenyi cumulus parameterization (G-D) [Grell and Devenyi, 2002], the
Rapid Radiative Transfer Model for GCMs longwave and shortwave schemes (RRTMG, http://rtweb.aer.com)
[Iacono et al., 2008], the Yonsei University planetary boundary layer (PBL) scheme [Noh et al., 2003], and a land
surface model by Chen and Dudhia [2001].
2.2. Experimental Design
To explore the dominant reasons for the WRF model bias, we design four additional sensitivity experiments
with various physics parameterizations and model setup approaches in an arbitrarily chosen year—2005—that
shows typical biases of the long-term means (section 5), as follows:
1. In Test 1, we replace the G-D cumulus parameterization with the Kain-Fritsch (K-F) [Kain and Fritsch, 1990,
1993; Kain, 2004] to investigate the model’s sensitivity to cumulus parameterizations in simulating summer
precipitation, because most of the summer precipitation over the United States is induced by mesoscale or
small-scale convective systems [Liang et al., 2004a; Castro et al., 2007; Tripathi and Dominguez, 2013].
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2. In Test 2, we reduce the nudging coefﬁcient from 3 × 10 4 s 1 to 3 × 10 5 s 1, to test the hypothesis
that very strong nudging destroys the mesoscale features generated by the ﬁne-scale models [Bowden
et al., 2012; Otte et al., 2012; Omrani et al., 2012; Tripathi and Dominguez, 2013].
3. In Test 3, we replace the WSM6 microphysics scheme with that of Morrison et al. [2009] to investigate the
model’s sensitivity to the microphysics scheme in simulating winter precipitation. Liu et al. [2011] found
that the WRF Single-Moment schemes tend to overpredict winter precipitation over mountain ranges of the
western United States, and the Morrison scheme was shown to address this problem. Other physics
parameterizations (e.g., land surface model, PBL schemes, and radiation schemes) have only moderate to
weak impacts on the modeled precipitation over this region [Liu et al., 2011].
4. In Test 4, we run a 2 year continuous simulation (2004–2005) with 1 year (2004) spin-up time and compare
the other year (2005) with the reinitialized 2005. This is because Pan et al. [1999] found that reinitialization
tended to produce excessive rainfall, although the rainfall position is improved. On the other hand, soil
parameters are “remembered” longer in models than are the atmospheric variables. Thus, soil parameters
probably need longer spin-up times [Lucas-Picher et al., 2013; Tripathi and Dominguez, 2013], although they
are secondary in importance to atmospheric forcing for model performance [Pan et al., 1999].
2.3. Evaluation Data Sets
Monthly temperature and precipitation values from the Precipitation-Elevation Regressions on Independent
Slopes Model (PRISM) developed by Daly et al. [1994, 1997, 2008] are used to evaluate the model’s
performance in the annual cycle. The PRISM values, which are corrected for systematic elevation effects
on precipitation climatology, provide observation-based temperature/precipitation on a grid mesh of 1/8°
latitude × 1/8° longitude that covers all of CONUS. The PRISM monthly average temperature is calculated
from the maximum and minimum temperatures (Tmax and Tmin, average = (Tmax + Tmin)/2), as recommend
by the PRISM group (http://www.prism.oregonstate.edu/faq.phtml). To explore potential differences
between the true monthly average temperature and the average of Tmax and Tmin, we compare the two
values over each station (with thousands of station-observed daily values from the National Climate
Data Center) in the U.S. Midwest and Southwest by day in 1980–2004. The results show that more than 99%
of the differences between the two values are ~0.05°C, which we believe would not inﬂuence the evaluation of
the model’s performance for surface air temperature. Given the strong dependence of temperature and
precipitation on elevation, the topographic adjustment is critical, because cooperative stations over mountainous
regions are preferentially located at lower elevations and thus tend to underestimate (overestimate) the true
spatial average of precipitation (temperature). Therefore, the PRISM observation-based values are the most
accurate for estimating precipitation and temperature, especially in topographically complex regions.
PRISM is also the best available data set for evaluating high-resolution model simulations. Other widely
used data sets, such as the University of Delaware values [Willmott and Matsuura, 1995; Matsuura and Willmott,
2010] and the Climatic Research Unit data [Mitchell and Jones, 2005; Harris et al., 2013], are not necessarily able
to resolve detailed information as highly as the WRF model used in this study. The NCEP North American
Regional Reanalysis (NARR) [Mesinger et al., 2006; Bukovsky and Karoly, 2007] 3 h precipitation (assimilated by
hourly observed precipitation)—the best available gridded data set at the diurnal scale—is used to evaluate the
diurnal cycles in precipitation.
Because the primary evaluation data sets are for regions within CONUS, the model evaluation region used in
this study is also conﬁned to CONUS. Four subregions with various model bias and climatic and topographic
features are selected for analysis. These subregions are identiﬁed as the Great Plains (GP), Southwest (SW),
South Central (SC), and North Rockies (NR) subregions (Figure 1).
To retain the original features of the data sets at various resolutions during model evaluation and comparison
with other data sets, we use the native resolution (with no interpolation) of different data sets/models to plot
geographic patterns and calculate statistical metrics except for spatial/temporal correlation coefﬁcients and
precipitation differences between model simulations and PRISM, which are computed by regridding the PRISM
data from 4 km to the WRF at 12 km and to the NARCCAP-WRFG at 50 km.

3. Evaluation and Comparison of Temperature
In section 3, the model’s capability to reproduce the annual cycle in air temperature is assessed through
comparison with the PRISM observations, the NCEP-R2 reanalysis, and the NARCCAP-WRFG simulation. The
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Figure 2. Multiannual (1980–2004) (ﬁrst and second columns) average and (third and fourth columns) standard deviation of summer and winter 2 m temperatures (°C)
from (ﬁrst row) PRISM, (second row) NCEP-R2, (third row) NARCCAP-WRFG, and (fourth row) WRF.

NARCCAP-WRFG used the same convective parameterization (G-D) as the WRF model and was also driven by
NCEP-R2 data. However, the studies differ in domain size (see Figure 1 in this study and Figure 1 in
Mearns et al. [2012]), nudging technique (turned on in this study and off in the NARCCAP-WRFG), shortwave
and longwave radiation schemes (RRTMG in this study but National Center for Atmospheric Research
(NCAR) Community Atmospheric Model radiation scheme in the NARCCAP-WRFG), and approach to
integrating the model (reinitialization of the model in this study versus continuous running the model in
the NARCCAP-WRFG). These differences make a direct comparison of simulated climatology difﬁcult. In
sections 3 and 4, we compare the performance of the WRF and NARCCAP-WRFG to show potential
improvements/shortcomings. However, it should be noted that the differences between the results are not
directly attributable to a particular difference between the models but are a combined effect of all the
differences. To make this comparison structured and illustrative, in section 6.2, we investigate the effect of
each of these differences between the models and identify the likely combination of changes that leads
to the net calculated difference between the models. We select the overlap years (1980–2004) between the
WRF and the NARCCAP-WRFG for comparison.
Figure 2 (ﬁrst and second columns) compares multiannually averaged 2 m temperature from PRISM, WRF,
NARCCAP-WRFG, and NCEP-R2 in summer (June, July, and August, JJA) and winter (December, January,
and February, DJF). Because of its coarse resolution (2.5° × 2.5°), NCEP-R2 cannot resolve mesoscale
orographic temperature patterns over mountain ranges as well as over coastal zones, and thus it shows a
single broad center over all major mountain ranges and signiﬁcant differences in temperature during all
the seasons over the Rockies. It also underestimates temperature in all four seasons (spring and fall not
illustrated) over southern California and Arizona. The NARCCAP-WRFG can resolve part of the orographic
temperature pattern over the mountain ranges and coastal areas, showing more details of temperature
than the NCEP-R2. Both NCEP-R2 and NARCCAP-WRFG show bias (±1.5°C) over Texas and Florida in
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summer. Though the WRF model underestimates the temperature over the western mountain ranges by
1.5–3.0°C in both seasons, it captures many more details of the temperature patterns than do the NCEP-R2
and NARCCAP-WRFG, especially over the mountain ranges and the coastal zones, showing topographic
features similar to those in the PRISM observations. On the other hand, the NARCCAP-WRFG overestimates
the temperature over the northern GP and the Midwest in spring (not shown) and in winter by ~3°C
and underestimates the temperature over Texas, Louisiana, and Florida in summer by ~2°C. The WRF shows
much smaller bias (~1°C) and closer results to the PRISM values than does the NARCCAP-WRFG. The spatial
correlations between the PRISM values and the WRF results are 0.997 and 0.988, while those between
the PRISM values and the NARCCAP-WRFG results are 0.945 and 0.975 in summer and winter, respectively
(Table S1 in the supporting information).
Figures 3a–3d compare the subregional-average bias of temperature for WRF, NARCCAP-WRFG, and NCEP-R2
versus PRISM observations in all four seasons during 1980–2004. The error bars denote the yearly
distribution of the bias at the 10th and 90th percentiles. Generally, the annual variations in the biases for
WRF and NCEP-R2 are smaller than those for NARCCAP-WRFG. Improvements of WRF over NARCCAP-WRFG
are seen over GP (Figure 3a) in spring and winter, over SW (Figure 3b) in all four seasons, and over NR
(Figure 3d) in spring, summer, and winter. For example, over SW, the NARCCAP-WRFG bias is 2.8–4.4°C,
while the WRF bias is only 0.06–1.0°C; over NR, the NARCCAP-WRFG bias is 0.3–2.6°C, while the WRF bias is
0.2–2.0°C (except in fall). Topography plays a key role in determining temperature over mountain ranges,
and (as expected) the WRF model with its better representation of topography leads to smaller temperature
root-mean-square errors (RMSEs) than the NARCCAP-WRFG over SW and NR (Figure S1 in the supporting
information). For example, over SW, the RMSEs for NARCCAP-WRFG are 2.9–4.5°C, while those for WRF are only
0.3–1.2°C; over NR, the RMSEs for NARCCAP-WRFG are 0.8–2.8°C, while those for WRF are 0.4–2.1°C. However,
WRF shows larger warm biases than NARCCAP-WRFG over GP (Figure 3a) in summer and fall and over SC
(Figure 3c) in all four seasons. The RMSEs for WRF over SC are also larger than those for NARCCAP-WRFG in all
seasons except summer (Figure S1). The possible reasons for the WRF model biases are explored in section 5,
and the main reasons for the WRF improvements over NARCCAP-WRFG are discussed in section 6.2.
To achieve good ﬁdelity for the WRF model in simulating climate, we expect the model not only to capture the
mean ﬁelds and reduce the model bias, but also to generate variances similar to those of the observations.
Thus, in addition to assessing mean ﬁelds, we compare the standard deviation (SD) of temperature for WRF,
NARCCAP-WRFG, and NCEP-R2 with the SD of the PRISM observations, as shown in Figure 2 (third and fourth
columns). In summer, the NCEP-R2 overestimates the SDs over most of CONUS by 0.3–0.6°C, and it does
not capture the ﬁne-scale features over mountains and coasts. The NARCCAP-WRFG shows a closer SD pattern
to the PRISM but overestimates the SDs by 0.6–0.9°C. In winter, the NCEP-R2 overestimates the SDs over
southern CONUS by ~0.6°C, while it underestimates the SDs over South Dakota, North Dakota, and Montana by
0.6°C. The NARCCAP-WRFG shows a similar SD pattern to the PRISM but overestimates the SDs over northern
CONUS by 0.6–0.9°C. The WRF captures the spatial pattern and the amplitude of temperature SDs very
well in all four seasons (spring and fall not illustrated), with the smallest bias and the closest pattern to the
PRISM in comparison with the NCEP-R2 and the NARCCAP-WRFG. The improvement of the WRF performance
in SDs over NARCCAP-WRFG probably results from the spectral nudging [Feser, 2006; Omrani et al., 2013]
and the reinitialization applied in the WRF.

4. Evaluation and Comparison of Precipitation
4.1. Seasonal Pattern
Figure 4 (ﬁrst and second columns) compares multiannual average precipitation from PRISM, WRF, NARCCAPWRFG, and NCEP-R2 in summer and winter. The NCEP-R2 with coarse resolution does not resolve the
mesoscale orographic precipitation patterns over western CONUS with complex topography. Precipitation is
underestimated over both the Cascade Range and the Rocky Mountains. The NARCCAP-WRFG captures more
details of the precipitation pattern over these regions than does NCEP-R2. The WRF generates more details
than NCEP-R2 and NARCCAP-WRFG, and the results are closer to the PRISM values over the mountainous
regions and coast zones in all four seasons. Spatial correlation coefﬁcients (Table S1) between the WRF results
and PRISM observations are 0.946 in summer and 0.963 in winter, while those between the NARCCAP-WRFG
results and PRISM observations are 0.725 in summer and 0.812 in winter.
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Figure 3. Subregional-average bias of (a–d) 2 m temperature and (e–h) precipitation from WRF, NARCCAP-WRFG, and
NCEP-R2 versus PRISM data by season in 1980–2004 over the Great Plains (Figures 3a and 3e), Southwest (Figures 3b
and 3f), South Central (Figures 3c and 3g), and North Rockies (Figures 3d and 3h) subregions. The error bars denote the
annual distribution of bias at the 10th and 90th percentiles.

Figures 3e–3h show the subregional-average precipitation bias and its yearly distribution in 1980–2004
over the four subregions. The corresponding percent bias values, deﬁned as in Mearns et al. [2012], are
shown in Table S2. Both the WRF and NCEP-R2 show a wet (dry) bias in summer (winter) over SC (Figure 3g)
that has also been reported in GCMs [Liang et al., 2004a]. The NARCCAP-WRFG shows dry bias in all four
seasons over SC. An encouraging improvement is that WRF shows smaller biases (Figure 3g) and RMSEs
(Figure S1) than NCEP-R2 in all seasons except summer (and also fall for RMSEs). In addition, WRF shows
signiﬁcantly smaller biases and RMSEs than NARCCAP-WRFG in all four seasons. As Figure 3g shows, in
spring, summer, fall, and winter, respectively, the bias of the NCEP-R2 over SC is 0.9 ( 21.6%), 2.2 (62.5%),
0.6 ( 17.5%), and 1.8 ( 45.1%) mm d 1; the NARCCAP-WRFG bias over SC is 1.0 ( 23.4%), 1.6
( 47.2%), 1.7 ( 46.0%), and 2.1 ( 51.7%) mm d 1; and the WRF bias over SC is 0.8 ( 19.6%), 0.6
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Figure 4. Multiannual (1980–2004) (ﬁrst and second columns) average summer and winter precipitation and (third and fourth columns) standard deviation (mm day
from (ﬁrst row) PRISM, (second row) NCEP-R2, (third row) NARCCAP-WRFG, and (fourth row) WRF.

1

)

(17.5%), 0.9 ( 24.8%), and 1.1 ( 29.5%) mm d 1. On the other hand, WRF generates smaller wet bias than
NARCCAP-WRFG over NR (Figure 3h)—1.1 (70.4%), 1.0 (72.2%), and 2.0 (108%) mm d 1 versus 1.3 (76.3%),
1.5 (100%), and 2.7 (146%) mm d 1 in spring, fall, and winter, respectively, when the dominant rainfall occurs
over this region. The WRF bias over SW (Figure 3f) is also smaller than the NARCCAP-WRFG bias—0.5 (54.7%)
and 0.3 (32.2%) mm d 1 versus 0.6 (62.7%) and 0.4 (47.3%) mm d 1 in spring and winter, respectively.
The RMSEs (Figure S1) over SW and NR are similarly improved by WRF over NARCCAP-WRFG. We hypothesize that
the improvement results from the reinitialized WRF at high resolution, with spectral nudging being better
than NARCCAP-WRFG at capturing atmospheric circulations over the mountain ranges and generating
precipitation patterns closer to the observations, as discussed further in section 6.2. However, WRF
overestimates rainfall over GP in all seasons (Figures 3e and 4, ﬁrst and second columns) and shows improvement
over NARCCAP-WRFG only in fall, decreasing the absolute bias from 0.6 (41.5%) to 0.4 (25.9%) mm d 1. The
possible reasons for this signiﬁcant wet bias are investigated by designing additional sensitivity
experiments (section 5).
As for temperature, we also compare the SDs of precipitation between PRISM, WRF, NARCCAP-WRFG, and
NCEP-R2 (Figure 4, third and fourth columns). In summer, the NCEP-R2 overestimates the SDs by >100% over
most of CONUS, especially over northern GP and southeastern CONUS. The WRF shows overestimations
over similar regions to the NCEP-R2, while NARCCAP-WRFG shows overestimations over the Midwest and
northeastern CONUS. In winter, the largest SDs distribute over Cascade Range and the Rocky Mountains. Both
WRF and NARCCAP-WRFG capture this, while NCEP-R2 shows a 30% underestimation. WRF adds many more
details over the mountain ranges and coastal zones and is closer to the PRISM values than NCEP-R2 and
NARCCAP-WRFG. However, both NCEP-R2 and WRF underestimate the SDs by ~50% over southeastern
CONUS, while NARCCAP-WRFG overestimates the SDs over Texas by ~50%. The bias of precipitation SDs
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Figure 5. Multiannual (1980–2004) average monthly variations in precipitation over the (a) Great Plains, (b) Southwest,
(c) South Central, and (d) North Rockies subregions from PRISM, WRF, NARCCAP-WRFG, and NCEP-R2.

probably has the same causes as the bias in seasonal averages of precipitation, as the bias of SDs occurs over
the same regions as the bias of averages.
4.2. Monthly Variation
In addition to the climatological seasonal pattern, evaluation of monthly variation is important, because
seasonal averages could hide biases that are identiﬁable in monthly data. Figure 5 compares the monthly
variations of precipitation for PRISM, NCEP-R2, NARCCAP-WRFG, and WRF over the four subregions
speciﬁed in Figure 1. Like the PRISM observations, WRF generates a rainfall peak in May–June over GP and
in July–August over SW. This similarity in the monthly transition in precipitation is encouraging, because it
is an important indicator of the pre-North American Monsoon (NAM) and the onset and peak of NAM
[Castro et al., 2007]. Further detailed evaluation [e.g., Lebassi-Habtezion and Diffenbaugh, 2013] of the
model ﬁdelity in the NAM will be conducted in our future work. NARCCAP-WRFG does not capture the NAM
rainfall transition well, with a rainfall peak in April and minimum rainfall in October over SW. However,
over GP (Figure 5a) WRF produces much heavier rainfall than the PRISM values from January to July. The
possible reasons for this wet bias are investigated and discussed in sections 5 and 6. Over SC (Figure 5c),
the NCEP-R2 generates substantial wet (dry) bias in the summer (winter) month—opposite the PRISM
values. NARCCAP-WRFG presents a monthly variation similar to that of PRISM but shows a signiﬁcant dry
bias during the entire year. Especially in January–March, WRF produces heavier rainfall than NARCCAPWRFG, closer to the PRISM values. However, WRF generates less (more) rainfall in the cold (warm) season
than the PRISM values. Over NR (Figure 5d), both NARCCAP-WRFG and WRF show wet biases in the cold
season, when the region receives most of its annual precipitation. WRF shows slightly better monthly
variation than NARCCAP-WRFG during the cold season, with less rainfall (closer to the PRISM values). The
possible reasons for this wet bias during the winter over NR are investigated in section 5.
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Figure 6. Temporal correlation coefﬁcients in precipitation (a) between PRISM and NARCCAP-WRFG at 50 km and (b) between
PRISM and WRF at 12 km during all months in 1980–2004. The Student’s t test result at the 0.005 (and lower) level of
signiﬁcance is marked by the color scale.

The temporal correlation coefﬁcients (TCCs) between simulated and observed monthly precipitation over
each grid are signiﬁcantly improved by WRF in comparison with NARCCAP-WRFG (Figure 6). WRF captures the
monthly variations in precipitation over CONUS, with TCC > 0.5 (signiﬁcant level = 0.005) over most of
CONUS, except over the Rockies. NARCCAP-WRFG shows signiﬁcant TCC values over western CONUS, but the
lower TCC values over eastern CONUS, especially close to the ocean and the Gulf of Mexico, do not pass
the statistical signiﬁcance test.

5. Possible Reasons for the Model Bias
The diurnal cycle of precipitation, in comparison with the subsynoptic and synoptic cycles, is the dominant
mechanism for summer precipitation over most of CONUS, as shown by Castro et al. [2007] on the basis of
spectral analysis of integrated moisture ﬂux convergence. Our model simulation also indicates the
dominance of convective precipitation (>60% of total precipitation) in summer. From rain gauge observations
and satellite detections, Liang et al. [2004b] and Tian et al. [2005] found that the rainfall typically peaked over
the GP around midnight, over the southeastern United States from roughly sunset and into the night, and
over the Midwest in the night to early morning. Tripathi and Dominguez [2013] found that their model
produced slower propagation of the rainfall system and heavier hourly rainfall than observations over the U.S.
Southwest, thus inducing a wet bias in the climatological daily precipitation.
On the other hand, several aspects of model setup (e.g., spectral nudging and reinitialization) and physics
parameterizations could affect the pattern and amplitude of climate variables. In this study, the most
signiﬁcant problem with the model is the wet bias over GP in the warm season and the warm bias over SC
in all four seasons. Also, there is still a wet bias over the mountain ranges in cold seasons although the
WRF shows pronounced improvement over the NARCCAP-WRFG results (Figures 3f, 3h, 5b, 5d, and S1).
Therefore, to explore the potential reasons for the model biases, we ﬁrst compare the diurnal variations in
precipitation between the NARR values and the WRF results over CONUS. Then we conduct several
experiments to test the model sensitivities to convective parameterization, microphysics scheme, spectral
nudging strength, and spin-up time.
5.1. Diurnal Variation of Summer Precipitation
Figure 7 shows the climatological diurnal cycles of precipitation in May–August over CONUS from the NARR
values (ﬁrst and third rows) and the WRF simulation (second and fourth rows). Since the NARR assimilates
hourly precipitation, it captures the diurnal cycle of precipitation very well in comparison with observations, as
shown by Liang et al. [2004b] and Tian et al. [2005]. The rainfall peak over GP occurs at around 0600–0900 UTC,
and then rainfall systems move eastward and generate a rainfall peak over the Midwest at around 1200 UTC.
Later, rainfall reaches a maximum over southeastern CONUS at 1800–2100 UTC. The WRF precipitation
propagation eastward is much slower than in the NARR values. For example, the rainfall band has almost
left the GP and gone into the Midwest by 1200 UTC in NARR, whereas for WRF it persists until 1500 UTC.
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Figure 7. Climatological diurnal cycles of (second and fourth rows) WRF-simulated precipitation and (ﬁrst and third row) NARR values for May–August.

In addition to the problem of propagation speed, the rainfall center over GP is more northward (over Nebraska)
than in the NARR values (over Kansas). Strong wet biases over the GP and over northwestern CONUS are
evident in the core of the rainfall system at all evaluation times. The WRF captures the diurnal precipitation cycle
over southeastern CONUS but overestimates the rainfall amounts. Both the slow propagation of the rainfall
system and the overestimation of precipitation induce the wet bias for daily mean precipitation over GP
and western CONUS, and they likely result from the model setup and/or the physics parameterizations applied
in our simulation.
5.2. K-F Convective Parameterization
To explore the possible reasons for the model biases discussed above, a sensitivity experiment (Test 1)
replacing the G-D cumulus parameterization with the K-F parameterization is conducted for summer 2005
(JJA). The precipitation bias in summer 2005 is typical of the long-term summer means (Figure 8a), with
wet bias over the northern GP, the southern U.S. mountains, SW, and NR, as well as dry bias over Kansas,
Oklahoma, Missouri, and Arkansas. Figure 8b illustrates the rainfall difference between Test 1 (K-F cumulus
parameterization) and the PRISM observation. Use of K-F instead of G-D does not result in signiﬁcant
improvement, but even stronger wet biases are calculated over the Northwest, SW, and Southeast.
The strong wet biases generated by Test 1 are mostly (>90%) contributed by convective precipitation.
Namely, Test 1 with K-F scheme produces more convective precipitation while producing slightly less
microphysics-resolved precipitation. One reason for the increased convective precipitation is that Test 1 (K-F)
generates higher convective available potential energy (CAPE) than the control simulation (G-D) over SC. This
was also found by Liang et al. [2004a] when they replaced the G-D scheme with K-F in their model simulation.
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Figure 8. Precipitation in summer (Figures 8a–8c) and winter (Figures 8d and 8e) 2005 for the (a, d) difference between the
control simulation and PRISM observation, (b) difference between Test 1 and PRISM observation, (c) difference between
Test 2 and PRISM observation, and (e) difference between Test 3 and PRISM observation. The test conditions are
summarized in section 2.2.

The higher CAPE speeds up the development and increases the intensity of convection. A second reason is
that Test 1 (K-F) generates 4–12% more precipitable water (PW, Figure 9a) than the control simulation (G-D)
over the SC, which combines with the larger CAPE and triggers more convection. Third, to maintain moisture
conservation in the model, larger amount of hydrometers aloft will require less amount of precipitation at
the ground, and vice versa [Hong and Lim, 2006; Hong et al., 2009; Cossu and Hocke, 2014]. We compare the
evolution of daily precipitation and hydrometer water path in JJA 2005 between Test 1 and the control
simulation, deﬁning the hydrometer water path as vertically integrated total condensates (in kg m 2,
including rain water, cloud water, snow, ice, and graupel). Test 1 (K-F) produces slightly greater precipitation
than the control simulation (G-D) over the four subregions, with the largest differences (~15%) over SW
(Figure 10a) and NR (Figure 10c). This is because there are fewer hydrometers (~30% less over SW, Figure 10b)
aloft for Test 1 than for the control simulation.
We also compare the modeled atmospheric circulation between the control simulation and Test 1. The changes
in circulation are partially attributable to the changes in latent heating associated with phase changes.
Latent heating have been shown previously as an important energy source of large-scale atmospheric motions
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Figure 9. Precipitable water (shadings) and 700 hPa wind (vector) differences (a) between Test 1 and the control simulation
in JJA 2005 and (c) between Test 3 and the control simulation in DJF 2004–2005. (b) Differences in 700 hPa geopotential
height (shadings) and wind (vectors) between Test 2 and the control simulation in JJA. The range of wind speed
1
1
difference is 0–1.5 m s for Figure 9a and 0.5–2.0 m s for Figures 9b and 9c.

[Ling and Zhang, 2013; Sun et al., 2014]. However, we ﬁnd no signiﬁcant changes in low-level wind/geopotential
height (Figure 9a) between the two simulations, because there is no signiﬁcant change in vertical proﬁle of
latent heating.
The strong wet bias generated by Test 1 (K-F) could also be attributable to previously identiﬁed problems
with the K-F scheme [Tripathi and Dominguez, 2013]. Although the cloud radius in K-F for WRF v3.3.1 is not
constant, it is limited to the range 1–2 km, depending on the vertical velocity. This range might be too
large for small-scale clouds. Because the mixing rate in the K-F scheme is inversely proportional to the
subgrid scale updraft cloud radius, larger cloud radius leads to weaker mixing rate, which tends to strengthen
the thermal contrast between the cloud and the environment, thus creating stronger convections [Narita, 2010;
Yang et al., 2012; Tripathi and Dominguez, 2013]. Additionally, as discussed in previous work [Kain and Fritsch,
1990, 1993; Grell and Devenyi, 2002; Kain, 2004; Liang et al., 2004a], K-F and G-D schemes differ in their
representations of the mechanism of precipitation production. The K-F scheme incorporates detailed cloud
microphysics and entrainment/detrainment between the cloud and the environment. Its closure assumption is
based on a CAPE removal process. In the K-F scheme, the updraft, downdraft, and environmental mass ﬂuxes
are rearranged in the mass column until 90% of the CAPE is removed. In contrast, the G-D scheme uses a
simpliﬁed one-dimensional cloud model to calculate the cloud properties, in which the assumptions directly
inﬂuence the vertical redistribution of heat/moisture or the surface precipitation rate. The G-D scheme employs
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Figure 10. Times series of the surface precipitation (Figures 10a, 10c, 10e, and 10g) and hydrometer water path (Figures 10b,
10d, 10f, and 10h) over Southwest (SW) and North Rockies (NR) (a–d) for JJA 2005 resulting from the control simulation
(blue) and Test 1 (red) and (e–h) for DJF 2004–2005 resulting from the control simulation (blue) and Test 3 (red). The numbers
are seasonal means of precipitation and hydrometers over each subregion.

a variety of mass ﬂux and closure assumptions, feedback assumptions, and trigger functions at each grid point.
The closure assumptions include vertical advection of moisture, vertical velocity, and CAPE removal (similar to
that in K-F). The rainfall is then parameterized by K-F with integrated water vapor and liquid ﬂux above the
lifting condensation level, which is parameterized by G-D with total condensate and cloud base mass ﬂux in the
updraft. Given the complexity of nonlinear interactions between various physics processes, it is extremely
difﬁcult to identify the individual differences likely to explain the WRF result differences for G-D versus K-F. The
above analysis and discussion show how many small differences in two simulations can combine to produce
relatively large overall impacts.
5.3. Nudging Strength
Figure 8c shows the rainfall differences between Test 2 with weaker nudging strength (3 × 10 5 s 1) and
the PRISM observation in JJA 2005. Interestingly, the wet biases over western CONUS and GP are reduced
by 1–2 mm d 1 in comparison with Figure 8a. Moreover, the dry biases around Kansas, Oklahoma, Missouri,
and Arkansas are reduced by 1–3 mm d 1 versus Figure 8a. Both of these improvements make Test 2 closer
than the control simulation to the observations. However, the precipitation over SC that is 1–2 mm d 1 heavier

WANG AND KOTAMARTHI

©2014. American Geophysical Union. All Rights Reserved.

8791

Journal of Geophysical Research: Atmospheres

10.1002/2014JD021696

than the observation needs to be investigated further. In addition, the warm bias over SW and SC in summer
generated by weaker nudging is slightly stronger (~0.5°C, not shown) than the control simulation.
To investigate the impacts of nudging strength on atmospheric circulation, we compare the differences in wind
and geopotential height at 850 and 700 hPa between Test 2 and the control simulation. As shown in Figure 9b,
Test 2 (weaker nudging) generates higher geopotential heights and anticyclonic ﬂow departures at 700 hPa
(and 850 hPa) over northwestern CONUS. Meanwhile, the 500 hPa geopotential height over this area is 2.5 m
higher than that of the control simulation (not shown). These circulation differences tend to reduce the
precipitation over western CONUS. In contrast, Test 2 (weaker nudging) generates lower heights and southerly
ﬂow departures at 700 hPa (and 850 hPa) from the Gulf of Mexico to southeastern CONUS. The 500 hPa height
over this area is also lower (0.5–1.5 m) than in the control simulation. These changes could increase the
precipitation over SC.
5.4. Morrison Microphysics Scheme
Figures 8d compares PRISM precipitation values and WRF control simulation values in winter 2004–2005 (DJF). The
precipitation bias is similar to the long-term winter means, with wet bias over northwestern CONUS and dry
bias over the SC and most of California. Figure 8e shows the rainfall difference between Test 3 with the Morrison
microphysics scheme and the PRISM values. The most signiﬁcant improvement produced by Test 3 is reduction of
the wet bias over western CONUS by up to 2–3 mm d 1. This is important, because a large portion of annual
precipitation and the extremes over the western United States occur mostly in the cold season [Gutowski et al.,
2008, 2010; Dulière et al., 2011]. Understanding model bias over this region gives good insight into evaluating
model performance for extreme events, especially given research ﬁndings that extreme precipitation is expected
to increase with changing climate [Kunkel et al., 1999; Wehner, 2005; Tebaldi et al., 2006; Kharin et al., 2007]. In
addition, the wet biases in winter precipitation over GP and the Midwest are reduced by ~1 mm d 1, making these
results closer to the observations than the control simulation (Figures 3e, 3g, 5a, and 5c).
The reduced wet biases induced by Test 3 are mostly (>90%) contributed by the microphysics-resolved
precipitation. Namely, Test 3 (Morrison) produces signiﬁcantly less resolved precipitation and slightly more
convective precipitation than the control simulation (WSM6). Note that >80% of winter precipitation is
microphysics-resolved precipitation. One of the reasons for the reduced precipitation is that Test 3
(Morrison) produces less PW than the control simulation (WSM6) over western CONUS and southern GP, by
8–16% (0.5–1 mm) and 4–12% (0.5–1.5 mm), respectively. However, Test 3 (Morrison) generates greater PW
than the control simulation over California, by 8–16% (1.5–2 mm). The lower PW over northwestern CONUS
tends to generate less precipitation, while the higher PW over California and the southern Midwest could
generate more precipitation. We also compare the evolution of daily precipitation and hydrometer water path
in DJF 2004–2005 between Test 3 (Morrison) and the control simulation (WSM6). Test 3 (Morrison) produces
signiﬁcantly less precipitation than the control simulation (WSM6) over the four subregions, with the highest
percentage difference (~30%) over NR (Figure 10g). This is because more hydrometers are aloft for Test 3 than
for the control simulation (Figure 10h).
The atmospheric circulations modeled by Test 3 (Morrison) and the control simulation are different, partly
because of the changes in latent heating. In comparison with the control simulation, Test 3 (Morrison) reduces
the latent heating rate by up to 3 K d 1 over SW and NR and by 1–2 K d 1 over GP. Meanwhile, Test 3 (Morrison)
increases the latent heating rate by 2–3 K d 1 over California. These differences mainly occur below 500 hPa.
Accordingly, as shown in Figure 9c, anticyclonic ﬂow departures generated by Test 3 over northwestern CONUS
brings the dry/cold air from the north and prevent the development of precipitation over the Northwest and
the northern GP. In contrast, cyclonic ﬂow departures over the Paciﬁc Ocean and California bring moisture from
the Paciﬁc to California, tending to produce more precipitation than in the control simulation.
The most important difference between the WSM6 and Morrison scheme is that the WSM6 assumes a
constant size distribution intercept parameter for each precipitation species except snow. In the Morrison
scheme, the size distribution intercept parameter evolves freely from the predicted number concentration
and mixing ratio, allowing for more ﬂexible treatment of the particle size distributions [Morrison et al.,
2009]. However, other differences also exist between the two schemes. For example, as stated by Liu et al.
[2011], in comparison with Morrison scheme, the WSM6 initiates a faster conversion from vapor to ice
crystals when ice supersaturation is achieved. The ice crystal is much more prone to fall as precipitation
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a

Table 1. Control- and Test 4-Simulated Regional-Average Bias for Temperature in 2005
Temperature Bias (°C)
GP

Spring
Summer
Fall
Winter
a

SW

SC

NR

CTRL

Test 4

CTRL

Test 4

CTRL

Test 4

CTRL

Test 4

1.98
1.38
2.04
1.54

0.45
1.61
2.94
2.78

0.05
0.71
0.37
0.59

0.08
1.96
1.77
1.11

2.16
0.61
2.35
3.92

1.77
0.37
2.47
3.82

0.34
0.83
0.93
2.16

0.31
0.10
1.66
4.23

Bold font indicates a larger bias for Test 4 than for the control simulation.

than are cloud droplets, possibly leading to a relatively high precipitation efﬁciency (deﬁned as the ratio of the
surface precipitation to the hydrometer water path). On the other hand, the Morrison scheme is more detailed
and critical in representing each graupel production pathway than is WSM6. The Morrison scheme converts only
a partial amount of combined snow and cloud water into graupel, while 5–75% of the mass remains in the
original category. In contrast, in WSM6, the efﬁciency of snow-collecting cloud water may be nearly 1, which is
not always the case in observations.
5.5. Longer Spin-Up Time
Tables 1 and 2 compare subregional-average biases versus the PRISM observations for temperature and
precipitation in all four seasons from the WRF control simulation with 1 day spin-up time and Test 4 with 1 year
spin-up time. As Table 1 shows, the signiﬁcant warm bias over SC (Figure 3c) simulated by the control is reduced
by Test 4 from 2.16, 0.61, and 3.92°C to 1.77, 0.37, and 3.82°C in spring, summer, and winter, respectively. The
warm biases over GP and NR in spring are also reduced by Test 4 from 1.98 and 0.34°C to 0.45 and 0.31°C,
respectively. The cold bias ( 0.83°C) over NR in summer is largely eliminated by Test 4 (0.1°C). However, Test 4
generates a stronger warm bias than the control simulation over all subregions in fall and winter, except over SC
in winter. For example, the warm biases in fall are increased by Test 4 from 2.04, 0.37, 2.35, and 0.93°C to 2.94,
1.77, 2.47, and 1.66°C over GP, SW, SC, and NR, respectively. Moreover, the warm bias over GP and SW in summer
is increased by Test 4 from 1.38 and 0.71°C to 1.61 and 1.96°C, respectively. Figure S2 presents the spatial
patterns of temperature for the PRISM observations, the control simulation, and Test 4 in four seasons.
As Table 2 shows, the signiﬁcant wet bias over GP (Figure 3e) in the control simulation is reduced by Test 4
from 1.44, 1.14, and 0.57 mm d 1 to 1.02, 0.07, and 0.18 mm d 1 in spring, summer, and fall, respectively.
The wet bias over SW is also reduced from 3.65, 4.2, 1.23, and 1.5 mm d 1 to 0.7, 1.58, 0.27, and 0.28 mm d 1
in spring, summer, fall and winter, respectively. However, Test 4 shows stronger dry bias over eastern
CONUS in fall and winter than the control simulation. The absolute bias over SC is increased by Test 4 from
0.12 and 0.11 mm d 1 to 0.58 and 0.43 mm d 1 in fall and winter, respectively. In addition, the precipitation
over NR is overestimated more by Test 4 than by the control simulation, and the wet bias is increased
from 1.55, 0.89, and 1.45 mm d 1 to 1.7, 1.28, and 2.61 mm d 1 in spring, fall, and winter, respectively.
Again, these biases affect the model performance in extreme precipitation over this region, which occurs
mostly in the cold season. Figure S3 presents the spatial patterns of precipitation from the PRISM values,
the control simulation, and Test 4 in four seasons.

a

Table 2. Control- and Test 4-Simulated Regional-Average Bias for Precipitation in 2005
Precipitation Bias (mm d
GP

Spring
Summer
Fall
Winter
a

WANG AND KOTAMARTHI

SW

1

)

SC

NR

CTRL

Test 4

CTRL

Test 4

CTRL

Test 4

CTRL

Test 4

1.44
1.14
0.57
0.62

1.02
0.07
0.18
0.77

3.65
4.20
1.23
1.50

0.70
1.58
0.27
0.28

1.61
1.70
0.12
0.11

1.08
3.13
0.58
0.43

1.55
0.51
0.89
1.45

1.70
0.35
1.28
2.61

Bold font indicates a larger bias for Test 4 than for the control simulation.
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6. Summary and Discussion
6.1. Summary
The performance of a 12 km WRF downscaling in near-surface air temperature and precipitation driven by
NCEP-R2 reanalysis data over CONUS in 1980–2004 is assessed on various temporal and spatial scales by
using high-resolution data sets. The WRF shows reasonable downscaling skills for air temperature and
precipitation, producing realistic geographic distributions and seasonal variations. The WRF performs better
than the 50 km NARCCAP-WRFG over different subregions in different seasons, and it also adds value above
the NCEP-R2, especially over complex terrain (e.g., mountains and coastal zones).
However, the WRF-simulated temperature over SC and precipitation over GP and SW remain problematic. Some
of the model biases lead to poorer performance than the coarse-resolution simulation (NARCCAP-WRFG) and the
driving data (NCEP-R2). Spectral nudging strength, spin-up time, integration method (reinitialization versus
continuous integration), and microphysics scheme have important effects on the calculated precipitation and
temperature, but the cumulus parameterizations tested do not show signiﬁcant effect. Reducing the spectral
nudging strength and/or allowing longer spin-up time can partly address the wet bias over GP and SW and the
warm bias over SC, but these changes generate larger bias for precipitation over SC and NR and for temperature
over GP and SW. Replacing the WSM6 microphysics scheme with the Morrison scheme reduces the wet (dry)
bias over the western mountain ranges and GP (over California) in winter.
6.2. Discussion
In analyzing the precipitation bias in the WRF model, Wang and Kotamarthi [2013] found that turning off the
spectral nudging substantially reduced the summer rainfall over GP. However, it generated >100% dry
bias over Kansas and Oklahoma. On the other hand, the wet bias over GP and northwestern CONUS is likely
due to the cumulus parameterization, since we ﬁnd that both the G-D and K-F cumulus parameterizations
generate signiﬁcant wet bias over those regions (Figures 8a and 8b). A simulation at 4 km grid resolution for
the summer of 2005, with the cumulus parameterization turned off, is shown to reduce the wet bias over
northern GP by ~30% in comparison with the control simulation using G-D. The biases in the WRF simulation
could also result from uncertainties in the lateral boundary condition (LBCs). For example, Liang et al. [2004a]
found that using the European Center for Medium-Range Weather Forecast reanalysis can address the winter
dry biases over SC, which likely result from LBC errors for NCEP-R2 data.
The differences in the physics parameterizations and model conﬁgurations between the WRF and the
NARCCAP-WRFG make a direct comparison difﬁcult. The improvements of the WRF over the NARCCAP-WRFG
shown in sections 3 and 4 result from the combined effects of these differences. To make the comparisons
structured and illustrative, we evaluate the effect of each of these differences between the models and
identify the likely combination of changes that leads to the net calculated difference between the
calculations. Miguez-Macho et al. [2004] showed that spectral nudging successfully eliminated the differences
in climate variables even when the model domain was shifted by 7–17°. Liu et al. [2011] found that the WRF
model performance was not signiﬁcantly different when NCAR Community Atmosphere Model radiation
and the RRTM scheme were used. Therefore, the differences in model domain sizes and radiation schemes
are probably less important to the differences between WRF and NARCCAP-WRFG than other effects. We
investigate the effect of model resolution on model performance by running a 1 year, 50 km simulation over
the same domain and under the same conditions as the 12 km simulation. The result shows that the ﬁneresolution simulation indeed adds detailed value/processes to the coarse-resolution simulation, especially
over complex topographies (e.g., mountain ranges and coastal zones). For example, the ﬁne-resolution
simulation reduces the absolute (cold) bias over SW and NR from 1.6–3.6°C to 0.7–1.2°C and the wet bias over
SW and NR from 0.5–1.6 mm to 0.4–1.3 mm (annual average). The reinitializing integration method, which
increases the observation information and reduces possible drifts caused by accumulated model errors, is the
other reason for the improvements. As illustrated by Test 4 (section 5.5 and Table 2), the drier bias over
SC (Figure 3g) and the wetter bias over NR (Figure 3h) in the NARCCAP-WRFG than in the WRF are most likely
induced by the continuous integration of the model. Spectral nudging does increase the skill of a regional
climate model [e.g., von Storch et al., 2000; Laprise et al., 2003; Miguez-Macho et al., 2005; Castro et al.,
2005; Laprise et al., 2008; Bowden et al., 2012; Otte et al., 2012] in capturing the climatological features of
atmospheric variables. In this study, a 1 year simulation at 50 km without spectral nudging misses the rainfall
band over the GP in summer and fall while showing a wetter bias in winter over SW and NR than the 50 km
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simulation with spectral nudging. The simulation without spectral nudging produces much weaker low-level
jet from the Gulf of Mexico to the GP (Figure S4), reducing moisture transport from the Gulf of Mexico to the
GP and tending to reduce precipitation in summer [Liang et al., 2004a; Martynov et al., 2013]. Moreover, the
simulation without spectral nudging shows higher 500 mb height, by up to 12.5 m, over GP and eastern
CONUS than the simulation with spectral nudging. Meanwhile, it shows lower 500 mb height, by 5–6 m, over
western CONUS (Figure S5). These differences explain the dry bias over GP and eastern CONUS and wet bias
over western CONUS generated by the simulation without spectral nudging.
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